Excess mortality has been noted during high ambient temperature episodes. During such episodes, individuals are not likely to be uniformly exposed to temperatures within cities. Exposure of individuals to high temperatures is likely to fluctuate with the micro-urban variation of outdoor temperatures (heat island effect) and with factors linked to building properties. In this paper, a GIS-based regression mapping approach is proposed to model urban spatial patterns of indoor temperatures in time, for all residential buildings of an urban area. In July 2005, the hourly indoor temperature was measured with data loggers for 31 consecutive days, concurrently in 75 dwellings in Montreal. The general estimating equation model (GEE) developed to predict indoor temperatures integrates temporal variability of outdoor temperatures (and their 24 h moving average), with geo-referenced determinants available for the entire city, such as surface temperatures at each site (from a satellite image) and building characteristics (from the Montreal Property Assessment database). The proportion of the variability of the indoor temperatures explained increases from 20%, using only outdoor temperatures, to 54% with the full model. Using this model, high-resolution maps of indoor temperatures can be provided across an entire urban area. The model developed adds a temporal dimension to similar regression mapping approaches used to estimate exposure for population health studies, based on spatial predictors, and can thus be used to predict exposure to indoor temperatures under various outdoor temperature scenarios. It is thus concluded that such a model might be used as a means of mapping indoor temperatures either to inform urban planning and housing strategies to mitigate the effects of climate change, to orient public health interventions, or as a basis for assessing exposure as part of epidemiological studies.
Introduction
Excess mortality has been noted during high-ambient temperature episodes such as in Chicago in 1995 and in France in 2003 (Semenza et al., 1996; Fouillet et al., 2006) . The risk of death during such events is highest among the elderly and the chronically ill, and among persons without air conditioning and those who live on the upper floors of apartment buildings (Semenza et al., 1996; Koppe et al., 2004) . During heat waves, exposure to high temperatures is not uniform within a city (Smoyer, 1998) . Heat-related health risks increase with exposure of individuals to higher temperatures (Basu and Samet, 2002) . The knowledge of the urban locations where people are most likely to be exposed to high temperatures can thus be useful in orienting approaches to prevention and urban planning measures to mitigate impacts of heat waves.
Within cities, exposure of individuals to higher temperatures is more likely in micro-urban heat islands, the urban areas which are warmer than others (Aniello et al., 1995) . Several factors contribute to the heterogeneity of the spatial distribution of temperatures within cities. Hottest zones in a city are those where little heat is reflected and much retained such as sectors with high density of buildings or roadways or parking lots; zones without green spaces, areas with low air circulation such as narrow streets and areas with intense generation of anthropogenic heat such as by factories (Taha, 1997; Koppe et al., 2004; Wilhelmi et al., 2004; Kanda, 2005; Ratti et al., 2006) .
The distribution of heat within cities can be characterized by local air temperature measurements or by satellite-based thermography. Spectral bands of satellite images have been used to create thermal surface map of urban areas and thus to locate urban heat islands (Lo et al., 1997) . Such thermal images approximate the spatial distribution of outdoor temperatures within cities.
The most important attribute of exposure to heat may be that which occurs indoors. This is of particular relevance to the older and ill persons who spend little time outdoors. Exposure to high indoor temperatures will be determined in part by outdoor temperatures, but also building characteristics, such as construction materials and the number of windows and their orientation. Those living on the higher floors of a building or close to the roof can also be exposed to higher temperatures (Blum et al., 1998; Koppe et al., 2004) . Heatrelated health risks can thus be expected to vary within a city with both the micro-urban variation of outdoor temperatures and with building characteristics both of which influence indoor temperatures.
Building energy software are available to simulate indoor temperatures for heating and cooling energy requirements (http://www.eere.energy.gov/buildings/tools_directory/alpha_ list.cfm). However, they require specific building information such as the surface of windows, the thermal capacity and conductivity of construction materials, etc. which precludes their use for simulating indoor temperatures for all dwellings in a city. An alternative model has to be found to allow indoor temperatures to be simulated at the scale of an urban territory. This paper presents a regression mapping approach to estimate indoor temperatures for all residential buildings of an urban area during high ambient temperature episodes. To our knowledge, this important attribute of exposure during heat waves has never been mapped on an entire city.
Methods
Hourly indoor temperatures were measured in residential buildings located in the urban residential center of Montreal, Canada, continuously during July 2005. A statistical model was developed to predict the hourly measured indoor temperatures. The model was based on a satellite image of surface temperatures across the city, on individual building characteristics, and on hourly outdoor ambient temperatures. The predictive indoor model is presented in terms of the indoor temperature measurements, which served as the dependent variable and the factors that were explored as model determinants. Indoor Temperature Measurement HOBO s samplers preprogrammed to start on July 1 were used to record indoor temperatures every 10 min, concurrently in all dwellings. Measurements taken within each hour were averaged.
Interviewers were to install the thermometers in a room facing the street, on a wall without any window, 1 m below the ceiling, and about 1.5 m from lights or windows.
Determinants of Indoor Temperatures
Dwelling Characteristics Dwellings were characterized as being located in buildings with more than three floors (''large buildings'') or in buildings with three floors or less (''small buildings''). Small buildings mostly consisted of buildings of two or three stories in rows, housing one to two dwellings per floor, which are typical of most old urban central residential neighborhoods of Montreal. The year of building construction was also used in the model development. The building characteristics described above were extracted from the 2001 Montreal property assessment database.
In addition to the above geo-referenced building characteristics available for the entire city stock, the floor of measurement of the indoor temperature was surveyed directly during the enrollment of the participants. The floor of measurement was categorized as first, second, third, fourth, fifth or higher floors, with the first floor as the reference category.
Outdoor Temperatures For the outdoor temperatures, data from the Environment Canada Meteorological Centre located at the Pierre Elliott Trudeau International Airport, Dorval, Quebec, Canada, about 20 km from the city core, was used (http://www.weatheroffice.ec.gc.ca/canada_f.html). Since the indoor temperature is likely to be higher after a number of consecutive ''hot hours'', correlations between outdoor temperatures for the hours before indoor measurements (moving average of 1 to 72 h) and indoor temperatures were inspected. On the basis of the highest correlation coefficient, a 24 h moving average of outdoor temperatures was selected as a predictor of the indoor temperature. The correlation between the hourly outdoor temperature and its 24 h moving average was 0.54. Collinearity between these two variables is not a concern in our general estimating equations (GEE) model given that the variance inflation factor is negligible (1.4).
Surface Temperatures
The surface temperature for each building was attributed by positioning each building on a thermal surface map. The thermal surface map was obtained by treating an image captured by the Landsat-5/TM satellite. This satellite contains various detectors including one for thermal infra-red wavelengths (10.4-12.5 mm), with a ground resolution of 120 m Â 120 m. The image used was taken on 29 July 2005 at 15:25 hours (Greenwhich time; thermal band 6). At this time, the temperature at the Pierre Elliot Trudeau airport in Dorval was 241C and the sky was generally clear. The image was geometrically corrected with the road map of the Quebec topographic database (1:20,000). The pixel values were then converted into temperatures (absolute radiance) with the use of the spectral radiance formula and the formula for conversion into degree celsius provided in the satellite manual available at http://landsathandbook.gsfc. nasa.gov/handbook/handbook_htmls/chapter11/chapter11.html. Pixel values thus converted were validated with measures from Environment Canada's meteorological measurement station network.
Statistical Analyses
Prediction of hourly indoor temperatures was performed with STATA v8.2, using GEE, which allow for spatial information (i.e. surface temperature) to be considered while controlling for temporal autocorrelation of temperatures (Liang and Zeger, 1986 ). An autoregressive correlation structure (AR1) was used, based on parsimony and fit.
To assess the reliability of the indoor temperature prediction model in time, the first 2 weeks of measurement (15 days, 360 h) were used to build the GEE model. The data of the last 2 weeks of measurement were then compared with the indoor temperatures predicted with the model. The last 2 weeks of measurement were also used to predict the first 2 weeks. The validity of estimations was studied using prediction errors (RMSE).
Two hundred bias-corrected bootstrap iterations of the entire dwelling sample were performed to assess the validity of the estimations in space.
Results

Description of Data
Ninety households were recruited. Seven were excluded due to thermometer recording errors, householder relocation or air-conditioning system installation. Eight households were excluded because the surface temperature was missing at the location of their dwelling. Seventy-five dwellings were used in the model. Five thermometers were inadvertently installed in another room than one facing the street of the building address. Table 1 presents the distribution of the living units within six categories, based on the site location and building attributes.
According to the Montreal 2001 property assessment database, the 39 small buildings where temperature was measured each housed 1-42 dwellings, with a median of three dwellings. The 36 large buildings housed 1-1351 residential dwellings, with a median of 49 dwellings. The highest building was 33 floors high. The median construction date for the large buildings was 1963 (1917-1993) ; buildings of less than four floors were of older construction (median date of construction : 1945, range 1880-1985) .
In small buildings (less than four floors), the thermometers were fixed on the first floor, except in four dwellings where they were fixed on the second floor. In large buildings, one of the 36 thermometers was placed on the first floor, eight were placed on the second floor, 12 on the third, five on the fourth; and the remaining 10 were installed at least on the fifth floor and up to the 18th floor.
The distribution of surface, outdoor and indoor temperatures used in this study are presented in Table 2 . Surface temperatures, which represent the spatial variation of the temperatures at one specific moment, showed the smallest temperature variation. The variation of the surface temperatures at the location of the 75 buildings of this study is much lower than the surface temperature variation over the entire city (range over the entire island of Montreal: 151C to 381C on that day). This is due to the fact that in warmest and coolest locations, there are no residential buildings (e.g. in parking lots or in parks). Within the 75 dwellings sampled, indoor temperatures were, on average, greater than outdoor temperatures and showed a smaller variation than the outdoor temperatures. Figure 1 presents the relationship between outdoor and indoor temperatures measured at the same time, for the various building types and for the surface temperatures classified as above or below 271C. The relationship between outdoor and indoor temperatures is linear. Indoor temperatures are higher in large buildings (more than four floors) and in areas where surface temperatures are high. The slopes of the relationships between outdoor and indoor temperatures are the same among the building and the surface temperature classes. The variance in the data was the same for building and surface classes, even at higher temperatures. Similar relationships were observed between indoor temperatures and the 24 h moving average of outdoor temperatures (data not shown). Table 3 presents the GEE model prediction of indoor temperatures. In the complete model (model 3), every 11C increment of outdoor temperatures is associated with a 0.051C increase of indoor temperatures. The average temperature of the 24 preceding hours has the largest influence on indoor temperatures. One degree increment of the average temperatures of the 24 preceding hours is associated with 0.361C increase in indoor temperatures, which is substantially larger than the influence of the current outdoor temperature (0.051C). Dwellings in large buildings (more than four floors) have an average indoor temperature 1.361C higher than those located in small buildings. Dwellings located in areas with higher surface temperatures also present higher indoor temperatures: the indoor temperature increases by 0.321C with every degree increase in surface temperatures.
Prediction of Indoor Temperatures
The complete regression model (model 3), integrating both temporal (outdoor ambient temperature) and spatial Figure 1 . Relationship between outdoor and indoor temperatures among building types (more or less than four floors) and surface temperature classes (LLR smoother). Surface temperatures, estimated from a satellite image taken in July 2005, were dichotomized at the median value. determinants (surface temperature and building types) explains 54% of the variance. The building year of construction did not explain more of the indoor temperature variability than the building type (possibly because the building type is associated with the year of construction).
Outdoor temperatures explain 22% of the indoor temperature variance (model 1). With the addition of the 24 h moving average of outdoor temperature, 40% of the variance of the indoor temperature was explained (model 2). Results using a mixed effect model with random slopes produced nearly identical estimates. Nonlinear spline outdoor temperature functions did not contribute to the indoor temperature prediction (data not shown). An alternative model was produced with the use of the thermometer floor location, instead of the building type (R 2 of 0.58). Dwellings located on the second floor had indoor temperatures 1.01C higher than those located on the first floor; those located on the fourth floor had indoor temperatures 2.51C higher than those on the ground floor. Dwellings located on floors higher than the fourth presented indoor temperatures only a degree higher than dwellings on the first floor, just as dwellings located on the second floor. This might be explained by more ventilation on higher floors.
Validation of Model Estimates
Cross-Validation in Time Using the first 2 weeks of measured data, the last 2 weeks of data was predicted. The first 2 weeks of data were also predicted, based on the last 2 weeks of data. The averages of the R 2 and of the RMSE of the ''backward and forward'' validations were respectively 0.541C and 2.521C.
Validation in Space Using measurements from the 200 bootstrap samples, the R 2 of model 3 and the RMSE bias corrected estimations were 0.541C (0.49-0.601C) and 2.461C (1.98-2.871C).
Discussion
In this paper, a GEE model was developed to predict the hourly indoor temperatures as measured in 75 dwellings in Montreal during the summer of 2005. This model was built to estimate indoor temperatures for all Montreal residential buildings. The model explains 54% of the variability in indoor temperatures measured hourly. The main contribution of this paper is that it adds a temporal dimension to similar regression mapping approaches used to estimate exposure for population health studies, based on spatial predictors, and can thus be used to predict exposure to indoor temperatures under various outdoor temperature scenarios. In regression mapping approaches developed elsewhere (e.g. to estimate exposure to pollutant levels emitted by road traffic; Briggs et al., 2000) predictors of exposure (e.g. traffic intensity or land use) were only available for one point in time.
Studies, that have reported on the relationship between indoor and outdoor temperatures reported that indoor and outdoor temperatures were linked by a linear relation, especially in buildings naturally ventilated (e.g. De Dear and Brager (2001) measured the indoor temperature of 160 dwellings). We also noted that indoor and outdoor temperatures vary together and that this linear relationship is not more pronounced as the temperature goes up than as it goes down (data not shown). However, we observed that the temperature of the preceding hours had a larger influence on the indoor temperature than the actual outdoor temperature. Wright et al. (2005) , who measured indoor temperatures in a nine dwellings in Europe, found the 72 h moving average of outdoor temperatures to be related to indoor temperatures. In our sample of 75 dwellings, the ''temperature memory'' of our buildings was much shorter than Wright et al. (2005) . The 24 h moving average of outdoor temperatures showed a stronger relationship with indoor temperatures than the 72 h moving average of outdoor temperatures and this latter only slightly further explained indoor temperatures when the 24 h moving average was included in the model (model R 2 2% higher). It is possible that differences in construction materials and building characteristics between those of old Europe and North America lead to varying heat retention in the two studies.
Although differences in construction and insulation materials can influence building heat retention, in our building sample, they do not appear to have a large influence on indoor temperatures. Large and small buildings in our sample were constructed during different periods and construction practices and material used varied in time. However, it was observed that the building type only influences the baseline indoor temperatures. Small buildings were always cooler but the rate at which indoor temperatures increase with outdoor temperatures was the same in small and large buildings. Large buildings did not appear to heat up more quickly nor did smaller buildings cool off faster. The surface temperature, which is related to the characteristics of the territory in which a building is also located (green and concrete cover), appeared only to influence the building baseline indoor temperatures.
Besides the building type, other building characteristics, such as the number and surface of windows, the green coverage of the building front and the spatial orientation of the buildings, did not provide any gain in explaining the variability of the indoor temperatures. However, their limited contribution to indoor temperatures might be due to lack of variability of these characteristics within our building sample (data not shown).
So far, epidemiological time-series studies have only used outdoor temperatures measured at meteorological stations when studying the risk of extreme heat (Basu and Samet, 2002) . Indoor temperatures are more likely to represent accurately the exposure of the chronically ill and other vulnerable individuals to heat, given their likelihood to stay indoors. The explanation of the variability of the indoor temperatures with our GEE model rose from 20%, using only outdoor temperatures, to 54% with our full model. The use of indoor temperature predictors specific to the 75 buildings (i.e. type of dwelling and surface temperature) explained a substantial amount of the indoor temperature variability (14%), in addition to the outdoor temperatures and the 24 h moving average of outdoor temperatures. The indoor temperature was predicted within about 2.51C from the one measured. It thus appears that the GEE indoor temperature prediction model developed might provide substantial gain to the epidemiology of health effects of temperature exposure by better representing individuals' exposure.
An alternative model using the floor of the indoor temperature measurement instead of the building category (more or less than four floors) explains 58% of the indoor temperature variability. Although it explains a higher percentage of the indoor temperature variability, it would be difficult to link it to administrative health data in which the floor location of the sick or dead would not be known.
Residual variability of our model can be explained by behaviors of individuals such as the closing and opening of windows, the crowding of dwellings, the use of electric devices, etc. which were not captured. The influence of the temperatures in dwelling rooms other than the room in which the indoor temperature was measured, might also explain part of the residual variability in indoor temperatures. Behaviors of individuals might substantially influence indoor temperatures, and their concurrent survey could improve the indoor temperature estimation. However, such factors cannot be integrated in a model aimed at interpolating indoor temperatures of all residential buildings of an urban area.
Several limits of the model presented here would be underlined. For instance, the indoor temperature in small buildings was mostly measured on the ground floor while in large buildings, it was always on a higher floor. To distinguish the influence of measuring in a small building from the influence of measuring on the ground floor, it would be appropriate to sample on various floors in both small and large buildings. Second, surface temperatures were estimated for a single day in July 2005, whereas indoor and outdoor temperatures were measured over the entire month of July 2005. It was assumed that hot areas on that day would be the hot ones as well on other days. This might not be always true and it probably limits the accuracy of our model.
Finally, buildings with air conditioning cannot be localized precisely and it is thus assumed, when interpolating urban indoor temperatures with this model, that all buildings are not air-conditioned. This assumption has always been made in time-series studies, where only the outdoor temperature was used to study the risk of extreme heat. Why this may be a limit, it may be seen as a gain over exposure estimation based only on outdoor temperature measurements.
It is also worth mentioning that the 75 buildings sampled in this study, were located in the urban core of Montreal Island. This sector is characterized by high population density and multiunit dwellings including very few single family homes. Thus, the model developed is suitable for urban sectors presenting similar characteristics. Our model could be expanded to include areas containing mostly single family homes, but such an attempt could be questionable in the Montreal context, considering that single family dwellings are less likely to be located in urban heat islands.
The model presented here is a complement to studies that have reported on the relationship between outdoor and indoor temperatures which allows for the prediction of indoor temperatures, for a large number of dwellings, based not only on outdoor temperatures, but also on building characteristics and contextual information. Although the model described in this paper deserves further refinement, the approach presented here to map city-wide indoor temperatures, under various outdoor temperature scenarios, appears to be a promising tool to assess exposure as part of epidemiological studies, to orient public health interventions during heat waves, and to inform housing and urban planning strategies to mitigate the health impact of climate change.
